Principal components analysis on allele frequencies for 14 and 50 populations (from 1K Genomes and ALFRED databases) produced a factor accounting for over half of the variance, which indicates selection pressure on intelligence or genotypic IQ. Very high correlations between this factor and phenotypic IQ, educational achievement were observed (r>0.9 and r>0.8), also after partialling out GDP and the Human Development Index. Regression analysis was used to estimate a genotypic (predicted) IQ also for populations with missing data for phenotypic IQ. Socio-economic indicators (GDP and Human Development Index) failed to predict residuals, not providing evidence for the effects of environmental factors on intelligence. Another analysis revealed that the relationship between IQ and the genotypic factor was not mediated by race, implying that it exists at a finer resolution, a finding which in turn suggests selective pressures postdating sub-continental population splits. Genotypic height and IQ were inversely correlated but this correlation was mostly mediated by race. In at least two cases (Native Americans vs East Asians and Africans vs Papuans) genetic distance inferred from evolutionarily neutral genetic markers contrasts markedly with the resemblance observed for IQ and height increasing alleles. A principal component analysis on a random sample of 20 SNPs revealed two factors representing genetic relatedness due to migrations. However, the correlation between IQ and the intelligence PC was not mediated by them. In fact, the intelligence PC emerged as an even stronger predictor of IQ after entering the "migratory" PCs in a regression, indicating that it represents selection pressure instead of migrational effects. Finally, some observations on the high IQ of Mongoloid people are made which lend support to the "cold winters theory" on the evolution of intelligence.
Introduction
IQ and height are highly polygenic traits (Allen et al., 2010; Benyamin et al., 2013) , which show strong heritability (Plomin et al., 2008) . These traits also show considerable variation between populations and racial groups (Lynn & Vanhanen, 2012) . Intense effort has been spent on trying to identify genetic variants that account for phenotypic variation within populations. Recently, attempts have been made to explain phenotypic differences between populations using genetic variants with known effects on height (Turchin et al., 2012; Piffer, 2014) and intelligence (Piffer, 2013; Woodley et al., 2014) . Encouraging results also come from a recent population genetics study of happiness, which showed that the frequency of a genetic variant (5-HTT) and Danish ancestry predict happiness among countries and between individuals even after accounting for GDP and socio-economic variables (Proto & Oswald, 2014) . The goals of this paper are: a) to find out whether the genotypic IQ factor predicts phenotypic IQ also after controlling for socio-economic indicators and genetic variation due to human migrations; b) to predict genotypic IQ scores for populations in the 1K Genomes and ALFRED data set. This is an important test of the model because specific predictions are generated that can be tested by assessing the IQ of populations whose phenotypic IQ has not been estimated yet; moreover it allows us to: c) test the environmentalist hypothesis that residuals (countries whose estimated IQs are lower or higher than predicted by their genetic factor scores) are explained by socioeconomic factors. Finally: d) to shed light on the correlation between height and intelligence at the population genetics and evolutionary level.
A relatively well-known study (Chabris et al., 2012) claimed that, although a number of candidate genes had been reported to be associated with intelligence, the effect sizes were small and almost none of the findings had been replicated. However, since that paper went into press, a number of genetic variants have been shown to be consistently related to intelligence across different studies. Rietveld et al. (2013) 's meta-analysis found ten SNPs that increased educational attainment, comprising three with nominal genome wide significance and seven with suggestive significance. Recently, a new study has replicated the positive effect of these top three SNPs rs9320913, rs11584700 and rs4851266 on mathematics and reading performance in an independent sample of school children (Ward et al., 2014) . Intelligence is a good predictor of performance in educational achievement tests, particularly in subjects such as math and English, where it explained, respectively, 58.6% and 48% of the variance in a longitudinal study based on 70,000+ English children (Deary et al, 2006) . Kaufman et al (2012) found high correlations between measures of academic g and cognitive g. Interestingly, two of the three alleles were among the four with the highest loadings in Piffer's factor analysis of IQ-increasing allele frequencies (Piffer, 2013) . For these reasons, I selected only the top three alleles from Rietveld et al.'s meta-analysis whose positive effect on educational attainment was replicated in the study by Ward et al. (2014) . Another SNP was selected (rs236330), located within gene FNBP1L, whose significant association with general intelligence has been reported in two separate studies (Davies et al, 2011; Benyamin et al, 2013) . This gene is strongly expressed in neurons, including hippocampal neurons and developing brains, where it regulates neuronal morphology (Davies et al, 2011) .
Principal components analysis (PCA) was used in two separate fashions and with two distinct goals: 1) to detect signals of recent natural selection, or a genotypic intelligence factor, following the method outlined by Piffer (2013) , that is selecting trait-increasing alleles and regarding the outcome positive if the extracted component met the following two criteria: a) it represents the first component (explaining the biggest share of the variance); b) all or most of the increasing alleles have high (>0.5) positive loadings on it. 2) To control for genetic distance due to migration (or any statistical artifacts that could arise from analysis of spatial population genetic variation), a random sample of genetic variants (SNPs) is selected, without specifically picking alleles with a particular effect (Tishkoff et al., 2009) . The components are then interpreted according to historical information on population movements. The rationale behind this method is that migration acts on all the alleles in the same direction (irrespective of their effect on phenotypes) (Cavalli-Sforza et al., 1996) , unlike random drift which unpredictably shifts upwards or downwards allele frequencies at unlinked loci. Note that although these two uses of PCA appear superficially similar, they produce entirely different results because the former is based on allele pre-selected on the basis of their association with a trait and the factor loadings need to be all (or mostly) positive (if the allele is trait-increasing) for it to be interpretable. The second method, extensively used by CavalliSforza's group, selects random alleles (without regards to their phenotypic effects or possible selection pressure) and does not depend on the sign of factor loadings.
Methods
IQs were obtained from Lynn (2006) and Lynn & Vanhanen (2012) . Some values were updated if they differed markedly from the PISA 2012 results, measuring both fluid intelligence (Creative Problem Solving) and more academic skills (PISA reading, math and science). Finland's IQ was adjusted upwards to 101 (from 97 in Lynn & Vanhanen) , to account for recent, more accurate estimates (Armstrong et al., 2014 ). Spain's IQ was revised downward to 94 (from 97) to accommodate the PISA 2012 results (OECD, 2014) . IQ for the Basques was obtained from PISA 2012. IQ for Italy (Tuscany and the north) was obtained from Piffer & Lynn (2014) .
Two socio-economic indicators were used: Gross Domestic Product (World Bank, 2014) at purchasing power per capita (GDP (PPP)) and the Human Development Index for 2014 (United Nations Development Programme, 2014).
The frequencies of increaser alleles (those found to increase intelligence or educational attainment in previous GWAS), were obtained from 1000 Genomes (http://www.1000genomes.org/) and ALFRED (http://alfred.med.yale.edu/), returning data (no missing values) for 14 and 50 populations, respectively.
When an SNP was not found on ALFRED, the most closely linked SNPs was searched, and if not found, the second closest and so on, until r 2 ≥0.8.Linkage disequilibrium was calculated with SNAP (SNP Annotation and Proxy Search, https://www.broadinstitute.org/mpg/snap/), using the 1000 Genomes pilot 1 dataset, CEU as population panel and a distance limit of 500 kB.
Results

Genomes dataset.
A PCA was carried out on the 4 IQ increasing alleles employing the 1K Genomes dataset. A single component (PC) was extracted that explained 77.04% of the variance (the other components had eigenvalues <1 and each explained a small proportion of the variance). KaiserMeyer-Olkin (KMO) was acceptable (0.537). Component scores were obtained using the regression method and are reported in table 1 (column 2). All four alleles loaded highly (>0.8) and in the right direction (positive sign) on the PC (table 2), indicating that the component represented selection pressure on intelligence or a genotypic intelligence factor (Piffer, 2013) . The correlation between IQ and the PC was very high (r=0.93) and significant (N=14; p=0.000). The correlation between PISA and the PC was strong (r= 0.897; N=10; p= 0.897). The partial correlation between IQ and the PC after accounting for GDP was highly significant (r=0.937;p=0.000; N=13). A similar result was obtained after partialling out HDI (r=0.942; p=0.000; N=12). A linear regression (Enter method) was run with IQ as dependent and the PC as independent variable. A significant model emerged (F1,12: 76.49; p=0.000;R²= .865; Adjusted R²= 0.854). Predicted IQ and standardized residuals (Z_RES) were also calculated (table 1, cols. 4-5). The correlation between Z_RES and HDI, GDP were 0.387 and 0.141 but failed to reach significance (p=0.214; p=0.645; N=12 and 13, respectively). In another regression, Z_RES was used as dependent variable and GDP, HDI were used as predictors to evaluate the effect of socioeconomic factors on phenotypic IQ. A non-significant model emerged (F2,9: 0.834; p= 0.465; R²= .156; Adjusted R²= -0.031). Neither HDI nor GDP significantly predicted Z_RES (p=0.791 and 0.794, respectively). The principal components obtained from 46 alleles (table1, col.7) and 6 replicated alleles (table 1, col.8) reported in Piffer (2014) were correlated to the IQ PC found in the present study. The correlations of the IQ PC with "PolHeight" and "HeightRepl" were r=-0.933 (N=14, p= 0.000) and -0.558 (N=14; p=0.038). To test whether the IQ PC predicted IQ also within races, an univariate ANOVA was carried out with IQ as dependent variable, Group as fixed factor and IQPC as covariate. Four groups were created corresponding to the four continents of 1000 Genomes (Africa=0; America=1; Asia=2; Europe=3). Both the IQ PC and Group were significant predictors in the model (p=0.032 and 0.029, respectively), indicating that the IQ PC had predictive power also within racial groups (table 3) .
To test whether the IQ PC predicted genotypic height also within races, an univariate ANOVA was carried out with IQ as dependent variable, Group as fixed factor and IQPC as covariate. The results are reported in table 4. **PolHeight= PC extracted using 46 alleles (Piffer, 2014) . HeightRepl= PC extracted using only the 6 replicated hits (Piffer, 2014) . 
ALFRED dataset.
A PCA was carried out on the 4 IQ increasing alleles (or when these were not available, those in strong linkage disequilibrium: r 2 >0.8) employing the ALFRED dataset.
A single component (PC) was extracted that explained 58.83% of the variance (the other components had eigenvalues <1 and each explained a small proportion of the variance). KMO was good (0.703). All four alleles loaded moderately high on the component (table 6), indicating that it represented selection pressure on intelligence or a genotypic intelligence factor (Piffer, 2013) . Component scores were obtained using the regression method and are reported in 
Controlling for genetic relatedness
1K Genomes
A random set of 20 SNPs was obtained, each located on a different chromosome (to avoid linkage). These were divided into two sets, belonging to Chr.1-10 and 11-20. Two separate PC's were performed. The first set produced two components (KMO= 0.676) accounting for 47.78 and 35.89 % of the variance. The second set yielded three components (KMO=0.439), explaining 44.75, 26.88 and 10.9% of the variance respectively. Table 8 represents the correlation between all the factors. The logic behind this method is that if two factors are not random noise, they should be correlated across sets of different SNPs. Indeed, this is what was found. Factor 1 of set 1 was significantly correlated to factor 1 of set 2; accordingly, factor 2 of set 1 was correlated with factor 2 of set 2. To simplify the analysis (and avoid the issue of multiple comparisons), the two similar pairs were averaged so as to obtain 2 factors (table 9) . These were correlated to the variables of interest (IQ, IQ PC). Correlations are reported in table 10. Factor 1 was not significantly correlated either to IQ or IQ PC and was not clearly interpretable, but perhaps it indicated north-south migrations. Factor 2 had significantly negative correlations with both. This factor likely represents genetic relatedness to Africans (due to migration), as it has higher values among Africans and lower among Europeans, lower still among Americans and the lowest among East Asians, similar to genetic distances reported using other genetic markers (Cavalli-Sforza et al., 1996) . It's a common finding from PCA of genetic markers that the difference between Africans and non-Africans is greater than between other populations, as reflected by the first PC usually distinguishing between Africans and non-Africans in worldwide samples (Tishkoff et al., 2009) . A partial correlation was carried out to assess the relationship between IQ and the estimated genotypic IQ factor (IQ PC), partialling out the "African" factor (Factor 2). The partial correlation was still highly significant (r= 0.841; p=0.000; N=14). As a cross-check, another partial correlation was computed between the "African" factor (Factor 2) and IQ, after partialling out IQ PC. The rationale is that if the IQ PC really represents an intelligence factor due to selective pressure and is not a statistical artefact or a by-product of migrations, then partialling out non-selective factors (such as African admixture) will not substantially alter its effect on IQ. Conversely, if the African factor does not represent a genuine intelligence factor due to selection, its correlation with IQ will be spurious (i.e. it will disappear after partialling out the IQ PC). This is indeed what was found: the partial correlation between IQ and Factor 2 ("African") after controlling for IQ PC became negligible and even reversed its sign (r= 0.181; p= 0.554).
To assess the effects of all genetic factors, a multiple linear regression was ran with IQ as dependent variable and IQ PC, PCs 1,2 as predictors. Results are reported in table 11. IQ PC emerged as the only significant predictor of IQ, with a SD change corresponding to an increase of over 1 SD in population IQ. PC 2 lost all its negative association with IQ and even had a small positive effect, albeit failing to reach significance. This suggests that its negative correlation with IQ is spurious (i.e. mediated by the intelligence factor). Another multiple regression was run with IQ PC as dependent and the genotypic height factor (PolHeight) plus the two migratory factors. Again genotypic height was the only significant predictor (Beta= -1.44; p= 0.02).
ALFRED
A set of 10 SNPs (different from those used in the 1K analysis) was randomly chosen (Chr. (Eurogenes, 2014) . The other components had no clear interpretation and since they accounted for a small portion of the variance, it is likely that they constitute statistical noise. The correlation between the first component and the genotypic IQ factor was negative (r=-0.468, N=50, p=0.000). A multiple linear regression was run with IQ as dependent variable and genotypic IQ factor plus the three "migration components". A significant model emerged (F4,14= 15.77, p=0.000; (R²= .818; Adjusted R²= 0.767). Only the genotypic IQ factor was a significant predictor of IQ. Beta coefficients and p values are reported in table 13. Another multiple regression was run with IQ PC as dependent and the genotypic height factor plus the three migratory principal components. IQ PC had a significantly negative effect (Beta= -0.838; p= 0.000) but the other variables did not achieve significance at the p= 0.05 level. 
Discussion
The genotypic IQ factor extracted with principal component analysis was a strong predictor of average population IQ, almost approaching unity in the 1K Genomes dataset and showing strong effects in the ALFRED dataset, comprising only partly overlapping populations. An additional analysis revealed that this effect was not entirely mediated by race, because the genotypic factor significantly predicted IQ in both datasets (1K Genomes and ALFRED) consisting of four and seven racial groups, respectively (see table 3 and 7) . If replicated, this would be a remarkable finding, which implies that evolutionary forces persisted even after continental races split into populations that roughly correspond to contemporary national or ethnic groups. This also yields more credibility to the results, because it indicates that the effect is not due to a broader racial element but is repeated across isolated geographical regions and genetic clusters. For instance in Europe, northern populations (Finland, Great Britain) have higher genotypic scores than southern populations (Iberians), which could be due to lower admixture with Africans or higher selective pressure for intelligence. This corresponds to an advantage in terms of predicted IQ of almost 6 points (table 1, col. 4), which is reflected in the phenotypic IQ (col.
2). The admixture scenario is unlikely, as Iberians have only low (about 2%) frequency of subSaharan genetic markers (Eurogenes, 2014) . However, the higher genotypic score of African Americans compared to sub-Saharan Africans (77 vs 73) is obviously due to admixture with people of European ancestry. The difference in phenotypic IQ between them is much higher (10-15 points), which is probably due to the effect of malnutrition that tends to depress intellectual development. It is thus likely that the real subSaharan African genotypic IQ is higher than estimated here or what is measured and instead is around 81 (85-4). An attempt was made to determine whether the discrepancy between phenotypic and genotypic IQ was due to socioeconomic factors. These (GDP per capita, Human Development Index) failed to predict the residuals when entered in a regression. It should also be mentioned that although they failed to reach significance, the correlations between residuals and GDP/HDI were in the right direction, that is to say, larger residuals (phenotypic-genotypic IQ) were associated with higher GDP and better human development. The lack of statistical significance is most likely due to the small sample size (N<15). When allele frequency data will become available for more populations, it will be possible to test this hypothesis on a bigger sample. The populations from the ALFRED database comprise in part tribes (Papuans, Melanesian,Amerindians) and assigning GDP or HDI to them was not possible. Also carrying out a between-groups analysis was problematic because IQ scores for some racial groups were available only for a single population. However, the ALFRED results also yield interesting insights. The populations with the highest genotypic IQ are the Daur and Hezhe (or Nanai) ( This finding (if replicated) would yield support to the "cold winters theory", which posits that the higher IQ of East Asians originated in a region roughly corresponding to modern day Mongolia and Manchuria, characterized by extremely low winters temperatures and then spread to the south of China and Japan through migrational waves (Lynn, 1987) . There is recent genetic evidence that fits well with a model of north-south migration in China: "The inferred north-south pattern in the genetic structure analyses suggests a primary north-south migratory pattern in China. This ties in very well with historical records indicating that the Huaxia tribes in northern China, the ancient ancestors of the Han Chinese, embarked on a long period of continuous southward expansion as a result of war and famine over the past two millennia" and "this onedimensional structure of the Han Chinese population is clearly characterized by a continuous genetic gradient along a north-south geographical axis, rather than a distinct clustering of northern and southern samples" (Chen et al., 2009) . Some populations that ALFRED groups with East Asians (because they live there) are in fact descended from South East Asians, for example the Lahu, the Naxi and the Dai, and have a lower genotypic IQ (95-99) than other groups living in China (100-110), resembling the genotypic IQ of Cambodians (95) ( Table 5) . Two observations deserve attention, regarding a marked discrepancy between genetic distance (as measured by neutral genomic markers) and distance in factor scores for IQ and height.
1) The lower IQ of Sub-Saharan Africans and the Aboriginals from Papua New Guinea cannot be explained in terms of cultural contact or genetic relatedness, because these racial groups are geographically very far apart and genetically very distant from each other (Cavalli-Sforza et al., 1996) . 2) Native Americans have very different genotypic IQ and height from East Asians, being taller and with lower phenotypic and genotypic IQ. This contrasts markedly with their genetic similarity and relatively recent common origin (Wells, 2002) and argues strongly against the possibility that random drift can explain this fact, because the increase in height and decrease in IQ follows the worldwide pattern found in the present study. Instead it lends support to a model of an evolutionary trade-off between increased height or higher intelligence. These two variables were strongly negatively related in both datasets (1K Genomes and ALFRED). The negative relationship between genotypic height and IQ seems to be mediated by race, as the IQ PC failed to predict height after partialling out the effects of race (group). This suggests that the evolutionary trade-off between height and IQ predates sub-continent level population splits, although this does not rule out that it continued after (as suggested by the marginally significant independent effect of genotypic IQ on genotypic height in the 1K Genomes dataset). It can only be speculated that this trade-off was due to sexual selection (for brawny vs brainy males) or selective pressure due to climate, favoring shorter limbs (via Allen's rule) and bigger brains in colder environments (Piffer, 2014) . This between-groups pattern contrasts with the within group pattern, where IQ is slightly higher on average in taller people than in shorter people (Pearce et al., 2005; Humphreys, Davey & Park, 1985) . This correlation is in part due to common genetic factors (Marioni et al., 2014) and assortative mating (Beauchamp et al., 2011) . It is possible that mutational load has decreased both traits, hence creating the genetic correlation, which would be strengthened by assortative mating and environmental variables (e.g. nutrition).
A set of randomly picked SNPs located throughout the genome was used to estimate genetic relatedness between populations due to migrations or possible statistical artifacts. This methodology was first used by Cavalli-Sforza and colleagues over 30 years ago to study the evolutionary history of human populations and reconstruct patterns of migration, and it continues to be used today (Ma & Amos, 2010) . If the component extracted from the IQ increasing alleles really reflects selection pressures on intelligence, it will predict IQ also after partialling out the confounding element due to population migrations. Although the biggest migration principal component (indicating genetic distance from Africans) was negatively correlated to IQ, the genotypic IQ factor emerged as a significant independent predictor of IQ in both datasets (ALFRED and 1000 Genomes), independently of the other (migration+noise) components. This analysis revealed that the effect on IQ of the genotypic IQ factor is stronger than migration and is not substantially mediated by it. A similar analysis showed that the genotypic height factor had a significantly negative and strong effect on the genotypic IQ factor even accounting for the migratory PCs, in both datasets (ALFRED and 1K Genomes).
Overall the results provide support for the validity of the method proposed by Piffer (2013) for detecting signals of recent polygenic selection and indicate that the principal components that were extracted are clearly distinguishable from those produced by migrations. A clear limitation of this study is its reliance on a very small number of genetic variants for intelligence (4) although the positive results obtained with a much bigger sample of alleles (N=46) affecting height (Piffer, 2014) are encouraging. Future studies using more genetic variants will have to attempt a replication of the findings presented here.
